Gridded precipitation products are the potential alternatives in hydrological studies, and the evaluation of their accuracy and potential use is very important for reliable simulations. The objective of this study was to investigate the applicability of gridded precipitation products in the Yellow River Basin of China. Five gridded precipitation products, i.e., Multi-Source Weighted-Ensemble Precipitation (MSWEP), CPC Morphing Technique (CMORPH), Global Satellite Mapping of Precipitation (GSMaP), Tropical Rainfall Measuring Mission (TRMM) Multi-Satellite Precipitation Analysis 3B42, and Precipitation Estimation from Remotely Sensed Information using Artificial Neural Networks (PERSIANN), were evaluated against observations made during 2001−2014 at daily, monthly, and annual scales. The results showed that MSWEP had a higher correlation and lower percent bias and root mean square error, while CMORPH and GSMaP made overestimations compared to the observations. All the datasets underestimated the frequency of dry days, and overestimated the frequency and the intensity of wet days (0-5 mm/day). MSWEP and TRMM showed consistent interannual variations and spatial patterns while CMORPH and GSMaP had larger discrepancies with the observations. At the sub-basin scale, all the datasets performed poorly in the Beiluo River and Qingjian River, whereas they were applicable in other sub-basins. Based on its superior performance, MSWEP was identified as more suitable for hydrological applications.
Introduction
Precipitation is the main link in the hydrological cycle and one of the most important meteorological input elements of hydrological models. Accurate precipitation input is the basic condition for obtaining reliable land surface hydrological simulations [1] . Choosing precipitation data is more important than choosing hydrological models [2] . The use of ground rainfall observation stations is the most direct way to measure precipitation. However, rain gauge density in complex terrain is low and unevenly distributed, thereby resulting in scarce or even a lack of observed precipitation, which cannot meet the needs of hydrological simulations. Remote sensing products based on microwave (MW) and infrared (IR) measurements have become a potential and valuable data source owing to their wide coverage and high spatiotemporal resolution. Affected by sampling error, algorithm uncertainty [3] [4] [5] [6] , the number of stations [7, 8] , and topographical factors [9, 10] , gridded precipitation data have errors when comparing to gauge observations, and rigorous quality assessment is required before use.
In recent years, precipitation products have been evaluated at multi-regional, multi-temporal, and multi-spatial scales; the results showed that there are large differences among precipitation products. Beck and Vergopolan [11] evaluated 22 precipitation products at the global scale. Among the The same type of precipitation product shows different performance in different regions and at different temporal scales. MSWEP generally overestimates the precipitation in China but underestimates it in North China. MSWEP overestimates light precipitation but underestimates the heavy precipitation events. It shows the highest accuracy at a monthly scale and the lowest accuracy at a daily scale. There is a significant difference in the annual trend of precipitation between MSWEP and the observations [23] . PERSIANN_CDR can capture the spatiotemporal characteristics of extreme precipitation events at a daily scale in the southeast monsoon region of China [24] . It is also a reliable alternative dataset in the Qinghai-Tibet Plateau, upper Yellow River (UYR) [25] , and Xiang River Basin [16] . CMORPH shows a large error in the southeast and poor time correlation of seasonal precipitation in the west and northwest of China [14] . IMERG and TRMM 3B42V7 mostly show high correlation and low relative error in the eastern river basins while showing low correlation and high relative error in the western region of China [26] . The performance of precipitation products also varies seasonally. In China, satellite precipitation and site-corrected products have poor ability to detect precipitation events in winter [12] . IMERG has a stronger ability for light and solid precipitation, and its accuracy for winter precipitation is significantly higher than that of TRMM 3B42, but its accuracy in detecting heavy precipitation needs to be strengthened [26] .
The Yellow River Basin in China is characterized by a wide area, complex topography and landforms, diverse climate types, and vegetation coverage. The rain gauges here are unevenly distributed with low density, and have poorly representative and discontinuous data sequences, which cannot meet the needs of hydrological simulations. Sometimes, there is only one to two or even no stations in a target research basin, which often leads to great uncertainty in the input precipitation and poor prediction of the rainfall-runoff model [27] . Gridded precipitation datasets have the potential to improve the quality of precipitation and runoff prediction results. In the Yellow River Basin, it had been reported that there is a good linear relationship between IMERG, TRMM 3B42V7, and ground-based rain gauge data, but the annual precipitation is overestimated by 2.46% and 2.19%, respectively. The CC is relatively high in the southern part of the basin, while the correlation is relatively low in the Ordos Plateau and its north [28] . Seasonally, IMERG and TRMM 3B42 show higher reproducibility in spring and autumn than in winter and summer. The precipitation is underestimated in July and August but is overestimated to different degrees in other months. Among them, the relative error is the largest in December, and the absolute deviation is the largest in September [28] .
In summary, the accuracy of precipitation products varies with regions, seasons, and spatiotemporal scales. However, studies in the Yellow River Basin are generally conducted at a large spatial scale, thereby masking the error distribution of small-scale watersheds. In addition, it was common that only one or two products were evaluated, which may result in lacking comprehensive cognition of other kinds of products. The objective of this study was to evaluate of the applicability of multiple precipitation datasets at multiple spatiotemporal scales in the Yellow River Basin in order to provide a reliable source of precipitation data for hydrological simulation and water resources management.
Study Area and Methods

Study Area
The Yellow River Basin, which is located between 96-119 • E and [32] [33] [34] [35] [36] [37] [38] [39] [40] [41] [42] • N, has a drainage area of 7,950,000 km 2 [29] . The basin traverses the Qinghai-Tibet Plateau, Inner Mongolia Plateau, Loess Plateau, and Huanghuaihai Plain from the west to the east [30] . The Yellow River Basin belongs to the continental monsoon climate and can be roughly divided into arid, semi-arid, semi-humid, and humid climates [29] . The west is arid, while the east is humid. It is dry in winter with drought in spring, and is rainy in summer and autumn [31] . Affected by the topography and atmospheric circulation, the precipitation is unevenly distributed across the seasons, with large interannual and regional variations. Nine provinces are involved in the Yellow River Basin: Qinghai, Sichuan, Gansu, Ningxia, Inner Mongolia, Shaanxi, Shanxi, Henan and Shandong. The drainage area in Shandong Province is long and narrow, and will not be discussed in this study. The basin was divided into seven water systems to facilitate the evaluation at different regional and spatial scales, including the UYR, Gansu-Ningxia water system (GN), Inner Mongolia water system (IM), Northern Shaanxi water system (NSH), Wei River Basin (WR), Fen River Basin (FR), and Western Henan water system (WH). Furthermore, the basin was divided into 24 sub-basins, including the Yellow River source region, Wuding River, and Jing River. The geographical location, elevation, rain gauge distribution, water system division, and sub-basin division of the Yellow River Basin are shown in Figure 1 .
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Study Area
The Yellow River Basin, which is located between 96-119°E and 32-42°N, has a drainage area of 7,950,000 km 2 [29] . The basin traverses the Qinghai-Tibet Plateau, Inner Mongolia Plateau, Loess Plateau, and Huanghuaihai Plain from the west to the east [30] . The Yellow River Basin belongs to the continental monsoon climate and can be roughly divided into arid, semi-arid, semi-humid, and humid climates [29] . The west is arid, while the east is humid. It is dry in winter with drought in spring, and is rainy in summer and autumn [31] . Affected by the topography and atmospheric circulation, the precipitation is unevenly distributed across the seasons, with large interannual and regional variations. Nine provinces are involved in the Yellow River Basin: Qinghai, Sichuan, Gansu, Ningxia, Inner Mongolia, Shaanxi, Shanxi, Henan and Shandong. The drainage area in Shandong Province is long and narrow, and will not be discussed in this study. The basin was divided into seven water systems to facilitate the evaluation at different regional and spatial scales, including the UYR, Gansu-Ningxia water system (GN), Inner Mongolia water system (IM), Northern Shaanxi water system (NSH), Wei River Basin (WR), Fen River Basin (FR), and Western Henan water system (WH). Furthermore, the basin was divided into 24 sub-basins, including the Yellow River source region, Wuding River, and Jing River. The geographical location, elevation, rain gauge distribution, water system division, and sub-basin division of the Yellow River Basin are shown in Figure 1 . 
Datasets
The gauge observed daily precipitation (OBS) was used to conduct the point to point evaluation. The gridded dataset CN05.1 interpolated from OBS was used as a reference to evaluate the spatial patterns of the precipitation products. Both OBS and CN05.1 were obtained from the National Meteorological Information Center of China. CN05.1 was interpolated based on the daily precipitation of 2416 rain gauges around China. The spatial resolution was 0.25 • × 0.25 • and the temporal resolution was daily [32] . The interpolation of CN05.1 was realized by the "anomaly approach". The climatology was first interpolated by thin-plate smoothing splines and then a gridded daily anomaly derived from angular distance weighting method was added to climatology to obtain the final dataset. New and Lister [33] compared several kinds of interpolation methods and indicated that these two methods performed better. Gridded precipitation such as CN05, EA05 and APHRO were all interpolated by using these methods [34] [35] [36] . The climatology was first interpolated due to climatic factors, especially precipitation, have great discontinuity in spatial distribution. The climatology is relatively continuous; interpolating it first is beneficial to reduce errors caused by discontinuity. Specifically, thin-plate smoothing splines is used to interpolate climatology by a software named ANUSPLIN. ANUSPLIN was a interpolation package that was widely used to produce climatic elements with high resolution in geography and ecology [37] . CN05.1 was interpolated using ANUSPLIN, taking longitude and latitude as independent variable, and taking elevation as covariable. Then, the anomaly was derived from an angular distance weighting method. The grid value was obtained on the consideration of the weight of angle and distance between the gauge station and the grid.
Five precipitation products were evaluated, including CMORPH_blended, PERSIANN_CDR, GSMaP_MVK, MSWEP V1.1 and TRMM 3B42 V7. Basic information about the products is shown in Table 2 . The coarsest temporal and spatial resolutions were daily and 0.25 • , and the highest resolutions were 1 h and 0.1 • , respectively. To facilitate the point to point evaluation, all the products were downscaled to the spatial location of rain gauge using the bilinear interpolation method. In this method, four nearest grid values are used for calculating the value of a particular point. The weights are derived from the spatial locations in a two-dimensional space. The closer the grid is to the point, the more influence (weight) it will have. The algorithm obtains the pixel value by taking a weighted sum of the pixel values of the four nearest neighbors surrounding the calculated location [38, 39] . The raw CMORPH, which was retrieved from MW and IR signals, is a pure satellite precipitation product with a spatial resolution of 8 km and temporal resolution of 30 min [40] . CMORPH_blended is a dataset incorporating raw CMORPH and 30,000 automatic meteorological stations around China, and the spatial and temporal resolutions were 0.1 • and 1 h, respectively [41] . PERSIANN-CDR is generated from the PERSIANN algorithm using GridSat-B1 IR data and adjusted using the GPCP monthly product. The dataset with spatial and temporal resolutions of 0.25 • and daily, respectively, was used in this study [42] .
TRMM 3B42 V7 was retrieved by MW and IR signals, and corrected by the gauge data. Passive MW data were first corrected by TMI and PR, and then used to correct the IR data. After combining the MW and IR data, the TRMM Multi-Satellite Precipitation Analysis (TMPA) 3B42 V7 was obtained through the correction of global precipitation data (GPCP). The spatial and temporal resolutions were 0.25 • and 3 h, respectively [43] .
GSMaP_MVK predicted the precipitation rate from the MW data using the Kalman filtering method, and then the rate was improved based on the relationship between the brightness temperature data and the ground precipitation rate. The spatial and temporal resolutions were 0.1 • and 1 h, respectively [44] .
MSWEP V1.1 blended multiple data sources, including gauge data, satellite data, and reanalysis data. CHPclim was used as the average of long-term precipitation, and the deviation was corrected. The long-term mean of MSWEP was based on Climate Hazards Group Precipitation Climatology (CHPclim) dataset, which was bias corrected using catch-ratio equations and observation-based estimates of long-term streamflow and potential evaporation. Then, the precipitation anomalies of the gauges, satellites, and reanalysis data were combined using the weighted average method. Finally, CHPclim was temporally downscaled through the precipitation anomaly. The spatial and temporal resolutions were 0.25 • and 3 h, respectively [45] .
Methods
By comparing the downscaled precipitation products with observed precipitation, the indexes, e.g., CC, PBIAS, and root mean square error (RMSE), were used to measure the quantitative accuracy at an annual, monthly, and daily scale. The variables were significantly correlated when the CC was higher than 0.7 [46] , and the precision was acceptable when the PBIAS value ranged from −10% to 10% [47] . The frequency bias index (FBI), probability of detection (POD), false alarm ratio (FAR) and threat score (TS) were used to evaluate the accuracy in detecting precipitation occurrence. In addition, the annual distribution, interannual variation, and spatial pattern of precipitation were also used to clarify the detection capability:
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where a is the number of hits, b is the number of false alarms, and c is the number of misses. Perfect values were FBI = 1, POD = 1, TS = 1, and FAR = 0 [48-51].
Results
Annual Precipitation and Spatial Pattern
The applicability of the precipitation products was interpreted by the CC, RMSE, temporal variation, and spatial pattern of precipitation at an annual scale.
The CCs between the five precipitation products and the observed annual precipitation ranged from −0.61 to 0.99 (Figure 2a ). MSWEP and TRMM showed the highest CCs and were significantly correlated with the ground-based rain gauge data with mean values of 0.79 and 0.76, respectively. The CCs of CMORPH and GSMaP were relatively lower, with the mean values of 0.29 and 0.33, respectively. The five products and ground-based rain gauge data showed that the annual precipitation decreased from southeast to northwest ( Figure 3 ), which was consistent with the distribution of climatic conditions in the Yellow River Basin. The contour map of precipitation in the literature showed that the southern part of the Yellow River Basin received the largest amount of precipitation (approximately 700 mm), while the precipitation in the GN in the northwest was reduced to about 200 mm during 1951 to 2001 [52] . The maximum precipitation estimate of CMORPH in the WH was 1400 mm, and there was a 1200 mm high precipitation center in the southern part of the UYR, which was greatly overestimated. The precipitation obtained by GSMaP and PERSIANN in the WH was above 1000 mm, which also overestimated the actual precipitation. The spatial patterns of MSWEP and TRMM were similar to those in the literature. In addition, the results based on the gauge data in the literature indicated that the average annual precipitation in the Yellow River Basin was 483.7 mm [53] , and the average annual precipitation estimated by CMORPH, GSMaP, MSWEP, PERSIANN and TRMM was 853 ± 98 mm, 674 ± 91 mm, 483 ± 44 mm, 489 ± 51 mm, and 491 ± 50 mm, respectively. It could be seen that CMORPH and GSMaP overestimated the precipitation to a larger extent, while the precipitation estimates of MSWEP, PERSIANN and TRMM were close to the values in the literature. The RMSE ranged from 19 mm to 1915 mm ( Figure 2b ). CMORPH showed the highest RMSE (109-1915 mm) with a mean of 761 mm, followed by GSMaP. The RMSEs of the other three products were relatively lower and ranged from 19 mm to 731 mm. The mean RMSEs of MSWEP and TRMM were the smallest and were similar with values of 88 mm and 89 mm, respectively, thereby indicating that these two products performed better than other datasets, which was consistent with the CC results.
The temporal variation in annual precipitation ( Figure 2c ) indicated that the observed precipitation showed an upward trend in fluctuation, and the mean ranged from 389 mm to 575 mm. The fluctuating trends and the amount of precipitation estimated by MSWEP, PERSIANN and TRMM were similar to the ground-based rain gauge data, with a range in precipitation between 418 mm and 620 mm. CMORPH and GSMaP demonstrated the largest differences with the ground-based rain gauge data; among them, the precipitation recorded by CMORPH from 2002 to 2007 was above 1380 mm, which was not in line with the actual situation in the Yellow River Basin.
The five products and ground-based rain gauge data showed that the annual precipitation decreased from southeast to northwest (Figure 3 ), which was consistent with the distribution of climatic conditions in the Yellow River Basin. The contour map of precipitation in the literature showed that the southern part of the Yellow River Basin received the largest amount of precipitation (approximately 700 mm), while the precipitation in the GN in the northwest was reduced to about 200 mm during 1951 to 2001 [52] . The maximum precipitation estimate of CMORPH in the WH was 1400 mm, and there was a 1200 mm high precipitation center in the southern part of the UYR, which was greatly overestimated. The precipitation obtained by GSMaP and PERSIANN in the WH was above 1000 mm, which also overestimated the actual precipitation. The spatial patterns of MSWEP and TRMM were similar to those in the literature. In addition, the results based on the gauge data in the literature indicated that the average annual precipitation in the Yellow River Basin was 483.7 mm [53] , and the average annual precipitation estimated by CMORPH, GSMaP, MSWEP, PERSIANN and TRMM was 853 ± 98 mm, 674 ± 91 mm, 483 ± 44 mm, 489 ± 51 mm, and 491 ± 50 mm, respectively. It could be seen that CMORPH and GSMaP overestimated the precipitation to a larger extent, while the precipitation estimates of MSWEP, PERSIANN and TRMM were close to the values in the literature.
showed that the southern part of the Yellow River Basin received the largest amount of precipitation (approximately 700 mm), while the precipitation in the GN in the northwest was reduced to about 200 mm during 1951 to 2001 [52] . The maximum precipitation estimate of CMORPH in the WH was 1400 mm, and there was a 1200 mm high precipitation center in the southern part of the UYR, which was greatly overestimated. The precipitation obtained by GSMaP and PERSIANN in the WH was above 1000 mm, which also overestimated the actual precipitation. The spatial patterns of MSWEP and TRMM were similar to those in the literature. In addition, the results based on the gauge data in the literature indicated that the average annual precipitation in the Yellow River Basin was 483.7 mm [53] , and the average annual precipitation estimated by CMORPH, GSMaP, MSWEP, PERSIANN and TRMM was 853 ± 98 mm, 674 ± 91 mm, 483 ± 44 mm, 489 ± 51 mm, and 491 ± 50 mm, respectively. It could be seen that CMORPH and GSMaP overestimated the precipitation to a larger extent, while the precipitation estimates of MSWEP, PERSIANN and TRMM were close to the values in the literature. 
Monthly Precipitation and Annual Distribution
The CC, RMSE, PBIAS and their distribution during the year were used to interpret the performances of the precipitation products at the monthly scale.
The CCs of the monthly precipitation between the products and the gauge ranged from −0.61 to 0.99 ( Figure 4a ). More than 97% of the sites from MSWEP, PERSIANN and TRMM were significantly 
The CCs of the monthly precipitation between the products and the gauge ranged from −0.61 to 0.99 ( Figure 4a ). More than 97% of the sites from MSWEP, PERSIANN and TRMM were significantly correlated with the ground-based rain gauge data. The CCs of CMORPH and GSMaP were 0.37-0.86 and 0.29-0.86, respectively, and 12.9% and 28.7% of the sites were significantly correlated, respectively. MSWEP showed the largest mean CC (0.93), followed by PERSIANN (0.87) and TRMM (0.91), while CMORPH (0.67) and GSMaP (0.63) showed the smallest mean CCs.
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Daily Precipitation and Precipitation Events
At the daily scale, the assessment was conducted using the precipitation event and the amount of precipitation. The precipitation events were measured by POD, FBI, FAR and TS. The amount of precipitation was quantified by PBIAS, CC and RMSE.
Large differences in the POD among the five precipitation products were observed, as shown in Figure 6a . MSWEP showed the highest POD values, which were all above 0.94 with a mean of 0.97. The POD values of CMORPH, GSMaP and PERSIANN were similar, with a range of 0.6-0.9 and mean of 0.74-0.78. TRMM showed the lowest POD with a range and mean of 0.44-0.85 and 0.64, respectively. From the spatial distribution shown in Figure 7 , the PODs of MSWEP at all sites were clearly higher than those of the other four products. CMORPH and GSMaP had higher PODs in the UYR, while PERSIANN showed higher PODs in the FR, WH and WR. TRMM performed relatively poorly in the GN and IM. 
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The POD values of CMORPH, GSMaP and PERSIANN were similar, with a range of 0.6-0.9 and mean of 0.74-0.78. TRMM showed the lowest POD with a range and mean of 0.44-0.85 and 0.64, respectively. From the spatial distribution shown in Figure 7 , the PODs of MSWEP at all sites were clearly higher than those of the other four products. CMORPH and GSMaP had higher PODs in the UYR, while PERSIANN showed higher PODs in the FR, WH and WR. TRMM performed relatively poorly in the GN and IM. The FBI values of all five products were higher than 1, thereby indicating the overestima precipitation occurrence, as shown in Figure 6b . The overestimation degrees of CMORPH, G and TRMM were relatively lower with FBI values of 1.84, 1.89 and 1.87, respectively. MSWEP s the highest overestimation degree with a mean FBI value of 3.4. The spatial distribution of ( Figure 8 ) showed that CMORPH, GSMaP and TRMM had lower overestimation with FBI ranging from 1 to 2 in the UYR, NSH, FR, WR and WH. MSWEP showed higher overestima the GN and IM with FBI values of up to 4 to 6. The FBI values of all five products were higher than 1, thereby indicating the overestimation of precipitation occurrence, as shown in Figure 6b . The overestimation degrees of CMORPH, GSMaP and TRMM were relatively lower with FBI values of 1.84, 1.89 and 1.87, respectively. MSWEP showed the highest overestimation degree with a mean FBI value of 3.4. The spatial distribution of the FBI (Figure 8 ) showed that CMORPH, GSMaP and TRMM had lower overestimation with FBI values ranging from 1 to 2 in the UYR, NSH, FR, WR and WH. MSWEP showed higher overestimation in the GN and IM with FBI values of up to 4 to 6.
Aa shown in Figure 6c , there were high false alarms and the FAR ranged from 0.37 to 0.85. CMORPH showed the lowest FARs, followed by GSMaP, while MSWEP showed the highest false alarms with mean FARs of 0.56, 0.6 and 0.7, respectively. The FARs of the majority sites were higher than 0.5 (Figure 9 ). All five products demonstrated that the FARs were highest in the GN, which ranged from 0.7 to 0.9. The FARs of MSWEP were clearly higher than those of the other four products in the IM, NSH, FR and WH.
The TSs of all five precipitation products were lower than 0.52. CMORPH showed the highest TS with a mean of 0.38, followed by GSMaP with a mean of 0.35. MSWEP, PERSIANN and TRMM showed similar TS, the means were all valued 0.3 (Figure 6d ). The spatial distribution of TS showed that CMORPH performed best, while TSs of MSWEP, PERSIANN and TRMM were lower than CMORPH and GSMaP in almost all water system partitions. The TSs also differed in different water system partition. All five precipitation products showed the highest TS in the UYR with the TSs ranged from 0.36 to 0.42, followed by the WR and the WH. The TSs in the GN and IM were the lowest, with the ranges were 0.18-0.27 and 0.22-0.31, respectively (Figure 10) .
At the daily scale, all five products were insignificantly correlated with the ground-based rain gauge data (Figure 6e ). MSWEP had the highest CCs between 0.34 and 0.68 with a mean of 0.55. The CCs of GSMaP and PERSIANN were the smallest with mean values of 0.28 and 0.29, respectively. As shown in Figure 6f , MSWEP had the smallest RMSE between 1.9 mm and 6.9 mm with a mean of 4 mm. The RMSEs of PERSIANN and TRMM were similar with mean values of 4.9 mm and 5.2 mm, respectively. CMORPH showed the highest RMSE with a mean of 12.5 mm. MSWEP, PERSIANN and TRMM had smaller and more similar PBIASs, with mean values of 34.9%, 31.3% and 38.5%, respectively. CMORPH showed the largest PBIAS ranging from −48% to 2148% with a mean value of 137% (Figure 6g ). From the distribution of PBIAS in Figure 11 , CMORPH significantly overestimated the daily precipitation at 80% of the stations, and the PBIAS at less than 1% of the stations was within the acceptable range of ±10%. GSMaP overestimated the daily precipitation at 97% of the stations, but the overestimation degree was less than that of CMORPH. MSWEP, PERSIANN and TRMM overestimated the daily precipitation at 88% to 93% of the stations. The PBIAS of MSWEP was relatively smaller with values at 65% of stations within the acceptable range, followed by TRMM and PERSIANN with acceptable values at 56% and 45% of the stations, respectively. The FBI values of all five products were higher than 1, thereby indicating the overestimation of precipitation occurrence, as shown in Figure 6b . The overestimation degrees of CMORPH, GSMaP and TRMM were relatively lower with FBI values of 1.84, 1.89 and 1.87, respectively. MSWEP showed the highest overestimation degree with a mean FBI value of 3.4. The spatial distribution of the FBI (Figure 8 ) showed that CMORPH, GSMaP and TRMM had lower overestimation with FBI values ranging from 1 to 2 in the UYR, NSH, FR, WR and WH. MSWEP showed higher overestimation in the GN and IM with FBI values of up to 4 to 6. Aa shown in Figure 6c , there were high false alarms and the FAR ranged from 0.37 t CMORPH showed the lowest FARs, followed by GSMaP, while MSWEP showed the highe alarms with mean FARs of 0.56, 0.6 and 0.7, respectively. The FARs of the majority sites were than 0.5 (Figure 9 ). All five products demonstrated that the FARs were highest in the GN, ranged from 0.7 to 0.9. The FARs of MSWEP were clearly higher than those of the other four pr in the IM, NSH, FR and WH. Aa shown in Figure 6c , there were high false alarms and the FAR ranged from 0.37 to 0.85. CMORPH showed the lowest FARs, followed by GSMaP, while MSWEP showed the highest false alarms with mean FARs of 0.56, 0.6 and 0.7, respectively. The FARs of the majority sites were higher than 0.5 (Figure 9 ). All five products demonstrated that the FARs were highest in the GN, which ranged from 0.7 to 0.9. The FARs of MSWEP were clearly higher than those of the other four products in the IM, NSH, FR and WH. The TSs of all five precipitation products were lower than 0.52. CMORPH showed the TS with a mean of 0.38, followed by GSMaP with a mean of 0.35. MSWEP, PERSIANN and showed similar TS, the means were all valued 0.3 (Figure 6d ). The spatial distribution of TS s that CMORPH performed best, while TSs of MSWEP, PERSIANN and TRMM were lowe CMORPH and GSMaP in almost all water system partitions. The TSs also differed in differen system partition. All five precipitation products showed the highest TS in the UYR with t ranged from 0.36 to 0.42, followed by the WR and the WH. The TSs in the GN and IM were the showed similar TS, the means were all valued 0.3 (Figure 6d ). The spatial distribution of TS showed that CMORPH performed best, while TSs of MSWEP, PERSIANN and TRMM were lower than CMORPH and GSMaP in almost all water system partitions. The TSs also differed in different water system partition. All five precipitation products showed the highest TS in the UYR with the TSs ranged from 0.36 to 0.42, followed by the WR and the WH. The TSs in the GN and IM were the lowest, with the ranges were 0.18-0.27 and 0.22-0.31, respectively ( Figure 10 ). At the daily scale, all five products were insignificantly correlated with the ground-bas gauge data (Figure 6e ). MSWEP had the highest CCs between 0.34 and 0.68 with a mean of 0. CCs of GSMaP and PERSIANN were the smallest with mean values of 0.28 and 0.29, respectiv shown in Figure 6f , MSWEP had the smallest RMSE between 1.9 mm and 6.9 mm with a me mm. The RMSEs of PERSIANN and TRMM were similar with mean values of 4.9 mm and 5 respectively. CMORPH showed the highest RMSE with a mean of 12.5 mm. MSWEP, PERS and TRMM had smaller and more similar PBIASs, with mean values of 34.9%, 31.3% and respectively. CMORPH showed the largest PBIAS ranging from −48% to 2148% with a mean v 137% (Figure 6g ). From the distribution of PBIAS in Figure 11 , CMORPH significantly overest the daily precipitation at 80% of the stations, and the PBIAS at less than 1% of the stations was the acceptable range of ±10%. GSMaP overestimated the daily precipitation at 97% of the statio the overestimation degree was less than that of CMORPH. MSWEP, PERSIANN and overestimated the daily precipitation at 88% to 93% of the stations. The PBIAS of MSWE relatively smaller with values at 65% of stations within the acceptable range, followed by TRM PERSIANN with acceptable values at 56% and 45% of the stations, respectively. At the daily scale, all five products were insignificantly correlated with the ground-based rain gauge data (Figure 6e ). MSWEP had the highest CCs between 0.34 and 0.68 with a mean of 0.55. The CCs of GSMaP and PERSIANN were the smallest with mean values of 0.28 and 0.29, respectively. As shown in Figure 6f , MSWEP had the smallest RMSE between 1.9 mm and 6.9 mm with a mean of 4 mm. The RMSEs of PERSIANN and TRMM were similar with mean values of 4.9 mm and 5.2 mm, respectively. CMORPH showed the highest RMSE with a mean of 12.5 mm. MSWEP, PERSIANN and TRMM had smaller and more similar PBIASs, with mean values of 34.9%, 31.3% and 38.5%, respectively. CMORPH showed the largest PBIAS ranging from −48% to 2148% with a mean value of 137% (Figure 6g ). From the distribution of PBIAS in Figure 11 , CMORPH significantly overestimated the daily precipitation at 80% of the stations, and the PBIAS at less than 1% of the stations was within the acceptable range of ±10%. GSMaP overestimated the daily precipitation at 97% of the stations, but the overestimation degree was less than that of CMORPH. MSWEP, PERSIANN and TRMM overestimated the daily precipitation at 88% to 93% of the stations. The PBIAS of MSWEP was relatively smaller with values at 65% of stations within the acceptable range, followed by TRMM and PERSIANN with acceptable values at 56% and 45% of the stations, respectively. Figure 12a indicates that the precipitation frequency curves of the five products wer similar when the precipitation was above 5 mm/d, and the difference was mainly at precip levels below 5 mm/d. All the products underestimated the frequency of dry days, with M underestimating the frequency to the largest extent (51%), followed by PERSIANN (31%) CMORPH, GSMaP, and TRMM underestimated the frequency by 17-20%. At the precipitatio of 0-5 mm/d, all the precipitation products overestimated the frequency of precipitation. The and rank of overestimation were similar to those of the estimation of dry days.
Frequency Curve of Precipitation
The PBIAS at different precipitation levels (Figure 12b ) showed that all the pr overestimated the precipitation at the level of 0-5 mm/d, of which the overestimation was the for GSMaP and CMORPH, while it was the smallest for MSWEP. The products underestima precipitation above 100 mm/d, with the PBIAS ranging from −85% to −81%, except for CM which had an acceptable PBIAS. At the level of 5-100 mm/d, all the products underestima precipitation, except for the overestimation by CMORPH. The PBIAS increased with the incr the precipitation level. GSMaP showed the smallest PBIAS at the level of 5-10 mm/d, while CM showed the smallest PBIAS at the level of 10-200 mm/d.
All the precipitation products were insignificantly correlated with the ground-based rain data at each precipitation level, as shown in Figure 12c . There were negative CCs abo precipitation level of 30 mm/d, thereby indicating a decrease in the correlation. The RMSE of t products showed a gradual increase with the increase in precipitation level. At each precip level, CMORPH and MSWEP showed that largest and the smallest RMSE, respectively (Figur Figure 12a indicates that the precipitation frequency curves of the five products were very similar when the precipitation was above 5 mm/d, and the difference was mainly at precipitation levels below 5 mm/d. All the products underestimated the frequency of dry days, with MSWEP underestimating the frequency to the largest extent (51%), followed by PERSIANN (31%), while CMORPH, GSMaP, and TRMM underestimated the frequency by 17-20%. At the precipitation level of 0-5 mm/d, all the precipitation products overestimated the frequency of precipitation. The degree and rank of overestimation were similar to those of the estimation of dry days.
The PBIAS at different precipitation levels ( Figure 12b ) showed that all the products overestimated the precipitation at the level of 0-5 mm/d, of which the overestimation was the largest for GSMaP and CMORPH, while it was the smallest for MSWEP. The products underestimated the precipitation above 100 mm/d, with the PBIAS ranging from −85% to −81%, except for CMORPH, which had an acceptable PBIAS. At the level of 5-100 mm/d, all the products underestimated the precipitation, except for the overestimation by CMORPH. The PBIAS increased with the increase in the precipitation level. GSMaP showed the smallest PBIAS at the level of 5-10 mm/d, while CMORPH showed the smallest PBIAS at the level of 10-200 mm/d.
All the precipitation products were insignificantly correlated with the ground-based rain gauge data at each precipitation level, as shown in Figure 12c . There were negative CCs above the precipitation level of 30 mm/d, thereby indicating a decrease in the correlation. The RMSE of the five products showed a gradual increase with the increase in precipitation level. At each precipitation level, CMORPH and MSWEP showed that largest and the smallest RMSE, respectively (Figure 12d ).
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Applicability in Sub-Regions
In this section, the applicability of the five precipitation products in 24 sub-basins is discussed. There was no gauge in the Kushui River, Zuli River, or Zhuanglang River, which were not analyzed here.
At the annual scale, Figure 13a ,b shows that the CCs of MSWEP and TRMM were higher than 0.7 and were significant, except for in the Beiluo River and the Qingjian River Basin. The RMSEs of these two sub-basins were between 200 mm and 1118 mm, which were higher than those of the other sub-basins. The CCs of CMORPH and GSMaP were lower, while the RMSEs were higher than those of other products.
At the monthly scale, the CCs of the products were higher than 0.7, except for CMORPH and GSMaP. MSWEP showed a higher CC, but the CCs of the Beiluo River and Qingjian River were lower than those of the other sub-basins. CMORPH showed the largest RMSE between 40 mm and 307 mm followed by GSMaP with values between 22 mm and 64 mm; MSWEP showed the smallest RMSE with values between 6.7 mm and 34 mm. The products showed the largest RMSE of 33-64 mm in the Beiluo River and Qingjian River, except for CMORPH, as shown in Figure 13c,d .
At the daily scale, the CCs of the five precipitation products in all sub-regions were below 0.7 (Figure 13e ). CMORPH showed the largest RMSE, followed by GSMaP and MSWEP with values of 5.1-29 mm, 4.1-9.5 mm, and 2.5-6.3 mm, respectively. The RMSEs of the Ying River, Qin River, and Yiluo River were greater than those of the other sub-basins (Figure 13f ). Both CMORPH and GSMaP overestimated the precipitation, with PBIAS values of 4.8-−772% and 18-−540%, respectively. The PBIAS values of other products were slightly lower, with values between −23% and 400%. The PBIAS values of MSWEP and TRMM were almost within an acceptable range, except for those in the Beiluo River and Qingjian River (Figure 13g ). 
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The analysis of different temporal and spatial scales showed that MSWEP performed best, 
Discussion
Differences of Data Sources and Algorithms Among Gridded Precipitation Products
The analysis of different temporal and spatial scales showed that MSWEP performed best, followed by TRMM, while CMORPH and GSMaP had the lowest accuracy.
The five types of data were all inferred from MW and IR data, but the data sources and algorithms varied widely. MSWEP combined site, satellite, and reanalysis data, and its data sources were the most diversified. The site density was used as the weight to correct the data, and the influence of terrain was taken into account; thus, the accuracy was higher than that of other satellite data [45] . TRMM combined IR and MW data, and was corrected by site data [43] ; however, there were fewer data sources than those used by MSWEP. In the deriving process of PERSIANN, the hourly precipitation data were trained first, and then the parameters were inserted into all the history records. Although the GPCP monthly precipitation data were used for correction [54, 55] , passive MWs, which were valuable for deriving precipitation, were not combined in the algorithms, and IR signals were mainly used.
The CMORPH precipitation product, which was developed by the CPC of NCEP, derived the precipitation using a tracking method. The main data source was passive MW data, while IR data were only used indirectly to derive the cloud field. Although IR data were less accurate, they could provide useful information when passive MWs were not available. In addition, assuming that the rain intensity was a constant was unreasonable in the forward and backward propagation of MW estimation [56] , which might have resulted in lower accuracy of the original CMORPH. On the basis of this product, an hourly blended precipitation product was developed using probability density function matching and the optimal interpolation method to combine the site data with the original grid data. The site data used in this product were hourly precipitation data from an automatic meteorological station; the measurements were stopped in winter and the precipitation was valued as 0, which might have been the main reason for the low accuracy of the product.
Similar to the original CMORPH, GSMaP used the MORPHing technique to derive the cloud motion vectors [40] . The difference was that GSMaP used the new Kalman filter to assimilate the IR precipitation rate, which helped to reduce the total error of the Kalman filter method even though the accuracy was lower than that derived from the passive MW data. On the other hand, GSMaP did not adopt standardization like CMORPH in merging passive MWs [6] . Moreover, GSMaP was not corrected by the gauge data, and a systematic error existed in the pure satellite product [57] . In summary, using multiple reliable data sources and correcting the data using gauge data could help to improve the accuracy of the precipitation products.
Results Comparison with Previous Studies
This study showed that MSWEP overestimated the daily precipitation overall, which was consistent with its performance over mainland China and Qinghai-Tibet Plateau [23, 58] . MSWEP overestimated the light precipitation, while underestimating the heavy precipitation in the Yellow River Basin; this result was consistent with its performance over mainland China [23] . In addition, the monthly and daily correlation coefficient in the Yellow River Basin was 0.93 and 0.55, respectively, which was close to that of mainland China (0.94 and 0.57, respectively). It was reported that POD and FAR of MSWEP in the Qinghai-Tibet Plateau was 0.65 and 0.5, respectively [58] . In this study, POD was 0.97 and FAR was 0.7, which means that MSWEP showed better probability of detection but higher false alarms in the Yellow River Basin than that in Qinghai-Tibet Plateau. The consistency between daily precipitation of MSWEP and rain gauge observation was relatively low in mainland China [23] . However, comparing with other four precipitation products, MSWEP performed best in the Yellow River Basin with higher CC and POD, lower PBIAS and RMSE, although it showed higher FBI and FAR.
Previous studies showed that the precision of TRMM increased with the increase of time scale [59] . In this study, however, TRMM performed best on monthly scale with the correlation coefficient was 0.91, followed by annual scale with the correlation coefficient was 0.76, and daily scale with the correlation coefficient was 0.33. This result was consistent with that of Lancang River Baisn [60] . It was indicated by several studies that TRMM performed better in humid regions than in arid area [59, 61] , but there was no obvious regional difference in the Yellow River Basin. The correlation coefficient on daily scale reach up to 0.79, FAR was 0.14 over China [62] , but the performance of TRMM in the Yellow River Basin was lower than that in China, the correlation coefficient and FAR valued 0.33 and 0.64, respectively. This study found that TRMM outperformed than CMORPH, PERSIANN and GSMaP, which was consistent with that in Ganjiang River Basin and Circum-Bohai-Sea Region [63] .
PERSIANN tended to underestimate the daily precipitation in Oujiang Basin and Circum-Bohai-Sea Region [64] , but it overestimated the precipitation with the PBIAS of 31.3% in this study. PEISIANN underestimated the precipitation for all rainfall levels in Oujiang Basin [64] . However, it overestimated the precipitation when the precipitation was below 5 mm/d and the situation was opposite when the precipitation was above 5 mm/d in the Yellow River Basin. PERSIANN underestimated monthly precipitation overall and underestimated the seasonal precipitation except winter in Circum-Bohai-Sea Region [65] . In the Yellow River, the precipitation was overestimated overall, and the precipitation was overestimated from October to April, while the precision in other months could be acceptable. Previous study indicated that PERSIANN was more applicable for areas with less precipitation [66] ; this study also found that there was a higher POD in wetter regions such as WR, WH and FR.
CMORPH could reflect spatial patterns of precipitation and capture the rainstorm in some local areas such as Shaanxi Province and Circum-Bohai-Sea Region in China [65, 67] . However, majority studies indicated that CMORPH performed poorly in describing temporal variation and spatial distribution of precipitation [68, 69] . In this study, CMORPH also had difficulty in estimating precipitation pattern, which demonstrated that the precipitation was seriously overestimated spatially and temporally. It was reported that CMORPH had large biases in detecting heavy rain in Shaanxi Province and Circum-Bohai-Sea Region [65, 67] , and underestimated the precipitation for all rainfall levels in Oujiang Basin [64] . However, the PBIAS was positive for almost all rainfall levels, and was the highest for the precipitation of 0-5 mm/d, but was relatively lower for the precipitation higher than 5 mm/d, indicating that CMORPH was prone to overestimate the precipitation and had more difficulty in estimating light precipitation in the Yellow River Basin. From the perspective of precipitation events, there was a large amount of false alarms and the maximum reach up to 0.9 in China. The false alarms in southeast China were lower than that in northwest part [68] . This study also showed FARs decreased from southeast to northwest in the Yellow River Basin, but they ranged from 0.37 to 0.82 and were the lowest compared to other four precipitation products. The monthly and annual correlation coefficient was 0.89 and 0.77 in Lancang River Basin [60] , and the value was much lower in the Yellow River Basin (0.67 and 0.29, respectively). Seasonally, CMORPH performed better in detecting summer precipitation in five provinces of China and Tianshan region [66, 70] ; it also overestimated the summer precipitation but underestimated winter precipitation in Tianshan region [70] , the same was true for the Yellow River Basin.
GSMaP performed differently in different regions. There was an obvious overestimation in areas with less precipitation, but the situation is opposite in areas with more precipitation in Hunan Province [71] . The contribution of false alarms and omissions to the overall bias was close to each other and cancelled each other out, resulting in lower overall bias and better performance [71] . GSMaP overestimated the summer precipitation in Sichuan, especially in mountainous area with complex terrain [72] , but generally underestimated precipitation in Poyang Lake Basin [73] . However, in the Yellow River Basin of this study, precipitation from 95% of stations was overestimated, and precipitation was overestimated except July and August, false alarms were four times more than omissions was responsible for the overestimation for the whole basin. In addition, it was reported that monthly and daily correlation coefficients in Poyang Lake Basin was 0.85 and 0.5 on average [73] , but they were much lower and valued 0.63 and 0.28 in the Yellow River Basin, respectively.
Hydrological Application of the Gridded Precipitation Products
The gridded precipitation products were widely used in hydrology, especially in the aspect of runoff simulation, flood prediction and drought monitoring.
TRMM showed better applicability than CMORPH in simulating runoff in Lancang River Basin, Nu Basin, Ganges, Brahmaputra and Meghna Basins [60, 74, 75] . In humid regions of China, TRMM 3B42 could better predict daily runoff, while PERSIANN was inclined to underestimate large runoff. PERSIANN also tended to underestimate extreme precipitation and extreme runoff, while overestimation and underestimation of extreme precipitation and runoff coexist for TRMM 3B42 [16] . Comparing with Global Precipitation Measurement (GPM) and IMERG, GSMaP showed the best performance in simulating hourly runoff, the generated flood map also agreed with the published information. It is capable to support rapid flood forecasting required for early warning of floods [76] .
Using MSWEP and TRMM as the forcing data provided satisfactory results for conceptual HBV-96 model, while PERSIANN led to better prediction of flow peaks but overestimations of the hydrographs' falling limbs in the Brahmaputra basin [77] . Fallah and Orth [78] found that the accuracy of precipitation inputs had significant influence on simulated runoff, and MSWEP yield good performance in European catchments. Patricia [79] calibrated the large-scale hydrological model PCRaster GLOBal Water Balance (PCR-GLOBWB) using three global precipitation products (ERA-Interim, WFDEI and MSWEP) in the Moroccan Oum er Rbia River basin. The result showed that precipitation input affected discharge estimates more than calibrating model parameters. WFDEI led to the lowest model performances. The highest discharge improvement was obtained when ERA-Interim and MSWEP were used in combination. In India, TRMM, Global Data Assimilation System (GDAS), CHIRPS and MSWEP were used as meteorological forcing in Noah 3.6 LSM for simulating soil moisture. The results showed that the simulated soil moisture forced by GDAS and MSWEP consistently outperformed the other simulation outputs [80] . MSWEP provided a greater potential for drought monitoring over western China than CMORPH and TRMM. It was found that MSWEP based Standardized Precipitation Index (SPI) could not only precisely reflect the occurrence and development of drought events, but also reasonably describe important characteristics of typical drought events. Generally, MSWEP could be used as an alternative data for drought monitoring over mainland China, particularly in eastern China, but improvement was required in the arid and semi-arid regions of western China [81] .
From above, various gridded precipitation products provided alternative data sources and performed differently for hydrology. Overall, MSWEP showed a great potential applicability. However, the limitation of this study was that the hydrological application was not investigated, which will be our next steps.
Conclusions
Five precipitation products were evaluated at multiple temporal and spatial scales from 2001 to 2014 in the Yellow River Basin of China, and the conclusions were as follows:
(1) For precipitation events, MSWEP and TRMM showed the highest and lowest POD, respectively. MSWEP and CMORPH had the highest and the lowest FARs, respectively. The difference in precipitation frequency of the five precipitation products was mainly reflected at the precipitation level below 5 mm/d. All the products underestimated the frequency of dry days and overestimated the precipitation frequency; however, they overestimated its amount at the precipitation level of 0-5 mm/d. The performance of CMORPH and GSMaP showed opposite trends.
(2) For precipitation, MSWEP was significantly correlated with the ground-based rain gauge data, and showed the lowest RMSE and PBIAS at the monthly and annual scales. CMORPH and GSMaP showed the lowest CCs and the highest RMSEs and PBIASs.
(3) The annual distribution patterns, interannual variations, and spatial patterns of averaged annual precipitation of MSWEP and TRMM were similar to the observed values, while those of CMORPH and GSMaP were significantly different from the ground-based rain gauge data.
